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Abstract 
 Social network analysis (SNA) is a new discipline that examines the social relationship 
and interaction of entities including individuals, groups or organizations. Special tools are 
needed to perform SNA and to convey its results numerically and graphically. In this study, 
we review and compare a range of SNA software functionality which will focus on the directors 
interlocked systems of the Nigerian corporate network. From the analysis, it is impossible to 
justify the comparison between the SNA software tools because each tool has its strength and 
weakness, and their objectives differ, which leads to different functionalities. Our results 
demonstrate that the Nigerian corporate network is interconnected by a few highly influential 
elites. 
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Chapter 1 
Introduction 
1. Overview 
In the last few decades, SNA has provided a powerful technique for examining the structural 
and dynamic relationships involving social actors or elite. Social structural relationship constitutes 
a set of social institutions based on established patterns of social interaction and relationship 
involving entities, these include interaction between parent and children or interaction between 
teacher and student. Dynamic relationship explains how the status of the social system changes 
over time, such as the formation of friendship and spreading of influence or disease. In recent time, 
social network structures constitute a more complex network system comprising millions of nodes 
and edges. As a result, special tools are required to investigate, represent, pattern, visualize and 
model these network structures.  
Reliance on computer software by network scientists in studying social network structures has 
helped in the design of a comprehensive range of various sophisticated software packages used to 
perform several network analysis tasks. Most of the software tools employ several techniques in 
manipulating social network data. However, the recent improvement in computer-aided 
programmable and interface design tools have contributed tremendously to the advancement of 
social network studies [1]. SNA modeling tools have enabled researchers to study dynamic and 
complex network systems by providing a platform in the learning process as well as relevant 
research purposes. Today there are several social network modeling tools available to social 
network analysts as reviewed by the international network for social network analysis (INSNA) 
[3][4].  
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When applying social network software packages, it is necessary first to consider their 
various functionality regarding input/output format, platform, scalability, visualization, user 
manual/tutorials, and portability as provided by the network analysis tools. Most tools are not 
compatible with other software, especially during data entering. In such cases these tools lack 
flexibility and interoperability. As a result, the exploration and management of data are affected. 
However, some software sometimes uses a data file format designed specifically for their use 
rather than function as an inbuilt platform with other software application [5]. 
 Software packages used in the application of (SNA) may be grouped in two different 
packages, based on a graphical user interface (GUI) or programming language. These software 
packages can also be categorized as general or specialized software tools. General software tools 
UCINET [9], PAJEK [10], IGRAPH [11], and SOCNETV [16] facilitate the analysis and general 
exploration of network data, (i.e., they are not specially designed to be used for specialized network 
analysis, but for a wide range of the data analysis). In specialized software tools NETMINER [12], 
NODEXL [13], GEPHI [14], ORA-LITE [15], JUNG [17], GRAPHVIZ [18], AUTOMAP [19], 
VISONE [20], and NETWORKX [21], the software toolkits are designed and model for specific 
network analysis. Such modeling tools contain a unique range of programmed procedures for 
analyzing networks such as statistical analysis and mapping of subgroups [6].  
Before applying software tools for network analysis, it is important to understand the functions 
and properties of the software packages by the network analyst, because the software may be 
designed with an application that is suitable for a different task [7]. SNA software packages should 
possess algorithms that can easily be manipulated, freely available and compatible with any 
platform or environment, and finally must be readily accessible for upgrade and correction.  
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The primary objective of this project is to review and compare a range of SNA software 
functionality, with a focus on the directors interlocked systems of corporate actors/elites. 
1.2 Contribution 
Previous articles on SNA tool comparison only give an insight into a few software 
properties and their performance as it relates to network analysis. To my knowledge, there is no 
previous study that uses corporate business data to compare the functionality of SNA modeling 
tools. This project does not only look at the analytical comparison of SNA software, but it also 
examines the implication of SNA modeling tools in investigating the interlocking directorate of 
corporate elites by describing the fundamentals aspect of SNA. 
In this project, we have been able to prove that comparing software applications before venturing 
into social network practices is an essential task in evaluating SNA studies. The result shows that 
by comparing SNA tools, one can be able to determine which software program may best suit 
his/her purpose of network analysis. Finally, from our analysis, we observe that this software 
possesses a different algorithm with respect to their functionalities including data entry, data 
exploration, and visualization, as a result, there is a significant difference between these SNA tools 
and each of them are designed with specific functionalities and libraries. 
Our significant contribution to this project is that we have been able to enunciate the usefulness 
of SNA software packages in studying business data (corporate networks). We were able to pattern 
and investigate the organizational business structure of firms listed on the Nigerian Stock 
Exchange (NGSE). The result of our analysis indicates that the African corporate world functions 
as an interlocked network structure which constitutes a process known as interlocking directorate. 
From our findings, we were able to recommend the following: 
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• That the scalability of SNA tools should be emphasized and highly recommended by 
software publishers; 
• That most SNA tools should function with interoperability; 
• Must be able to identify or calculate sub-nodes in a clustering network; 
• Must be robust enough to be able to calculate and measure network indicators including 
the centrality of any given network; 
• Must be able to run effectively on several ranges of operating systems (OS) including MS 
Windows, MS OS X, and Linux. 
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Chapter 2 
Background 
2.1 Social Network Analysis 
SNA uses the principle of graph theory, a mathematical concept used in the study of a set 
of nodes connected with edges. SNA is a technique used for measuring and analyzing social 
structures. In SNA, social network scientist assume that relationship is essential. Academia has 
long used SNA as a technique for the studying and mapping of social entities. Many network 
analysts believe that SNA is not just a method applicable to social media such as Facebook, 
Twitter, and LinkedIn, but also a unique process used by researchers in several academic 
disciplines to investigate the network of social relationships including individual, groups, and 
organization. 
Today, billions of people connected to the internet through the World Wide Web can 
constitute a network of social entities through interactions and alliances. Application of SNA can 
be found in various disciplines including business, social media platform, security, and health care. 
In business, SNA can be used to enhance the effectiveness of decision making and flow of 
information in a commercial organization. Online social network sites such as Twitter and 
Facebook use SNA to recognize and recommend prospective friends based on the contacts of 
friends of friends. Security agencies can apply the techniques of SNA to detect automobile 
insurance fraud including tracking down of terrorist network and criminals, through 
communication flow by identifying the key members of the network communities [30][38]. 
Healthcare professionals use the methods of SNA to study the interaction patterns in healthcare 
practices [31][34]. When analyzing social network structures, connection between nodes can be 
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established using ties/edges, however, ties can be measured as directed or undirected and as a 
binary or matrix, depending on how the network is investigated.  
2.2 Interlocking Directorate 
SNA has contributed immensely to the study of corporate networks. A critical application 
of the SNA modeling tool in exploring organizational network structure is in the area of 
Interlocking directorate. Generally, significant feature of SNA on interlocks seeks to investigate 
the most influential and powerful actor of the network. Interlocking directorate constitutes a 
network of interconnection between firms. The interlocking directorate is practiced when a board 
member of X corporation serves as a board member of Y and Z corporations, and such a connection 
can have social and economic consequences [39]. The study of interlocking directorate has 
received more interest in recent time because of the increasing role it plays in the corporate 
governance system. 
Network analysis of interlocking directorate analyze board members who have two or more 
positions in a separate organization, thereby constituting a set of linkage and arrays of a network 
between these companies, these links may be in the form of sharing information and essential 
resources. Board structures can determine the flow of information within and between 
organizations since interlocking directorate comprises inside and outside board members. 
However, to get more insight into the activities of boards of directors, it is important first to 
understand the network position and role the director holds [40]. Technically, research on 
interlocking directorate has gained increased attention in western countries, with fewer studies on 
emerging economies in countries found in the sub-Saharan African region such as Nigeria. 
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2.3 Nigerian Corporate Network 
Nigeria is the most populated nation in the whole of Africa, with an estimated population 
of over 180 million, but in recent times the issue of poor corporate governance has been a 
significant concern [43]. However, the challenges have had consequences in the country’s social, 
economic sector. One attribute of corporate governance on interlocking corporate directorates is 
the capacity to facilitate information and constitute political linkage among organization and 
corporate elites [41].  
 In many African countries including Nigeria, the financial systems are unpredictable, 
unsophisticated, and there are fewer opportunities for investment, indicating a higher chance that 
many resources are wasted and unutilized due to the ineffective corporate governance structure. 
The problem of corporate governance has continued to attract considerable interest globally 
especially in Africa. There have been calls for reform in corporate governance system in the 
Nigerian corporate sector. However, such change has not seen the light of the day due to corruption 
and economic mismanagement [42]. Before these reforms, the Nigeria economy was struggling to 
cope with the effect of the crisis as the Nigerian stock market collapsed by 70 percent in 2008-
2009 and the financial sector suffered massive losses, as a result of their vulnerability to the capital 
market and the oil and gas downstream industry in the country [43]. The financial sector occupies 
a vital position in the economy. However, reforms in the code of corporate governance in the 
financial sector have enhanced the efficiency and practices of corporate governance such as 
interlocking directorate among stakeholders of the Nigerian corporate network. 
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2.4 Fundamental Definitions and Terminology 
SNA uses the principle of graph theory where nodes represent actors and edges the 
relationship between them. Graph theory is a mathematical concept that studies the sets of vertices 
connected by edges. A graph consists of a set of points, called vertices (or nodes), and the links 
between these points is called edges (or ties). Let 𝑉𝑉𝐺𝐺 ,𝐸𝐸𝐺𝐺  be a set of vertices, and edges for some 
graph G respectively. Therefore, we define G as G = (𝑉𝑉𝐺𝐺 ,𝐸𝐸𝐺𝐺), where 𝑉𝑉𝐺𝐺 represent a set of vertices 
{v1,v2,...,vn} and 𝐸𝐸𝐺𝐺  a set of edges {e1,e2,..., en}. Two vertices in a simple graph u and v are said 
to be adjacent if they have a common edge, also edges are adjacent if they have a common vertex 
[30]. 
Let G = (V, E), be a graph. An Edge of the form (v,v) ∈ E is called a loop or self-loop. If, 
for every v ∈ V there is no edge from v to v, G is said to be loop-free or simple graph, and the 
adjacency matrix has zero diagonal. If 𝐸𝐸𝐺𝐺  has directions, a graph is called directed graph. 
Otherwise, it is called an undirected graph [33]. A directed graph (or digraph) G = (V, E) has a 
sets V of vertices and an edge E ⊂ V × V, where the element of E represents directed edges (or 
links). An Undirected graph consists of a set of vertices (or nodes) V with an edge set E ⊂ Sym (V 
× V). 𝐸𝐸𝐺𝐺  might be directed or undirected depending on whether their relationship reflects 
symmetrical or non-symmetrical links between nodes [47].  
The number of edges connected to a vertex is called the degree of that vertex. Social 
network graphs are usually directed, undirected [34]. Directed edges usually have a defined source 
and destination such as one representing ῾῾X has cited Y’’. In undirected edges the destination is 
undefined. Graphs in which each edge constitute a numeric value are said to be weighted. Directed 
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edges move from one node to another and undirected edges moves between two nodes in an 
unordered direction as shown in Figure 2.1. (A) and (B) 
               
Figure 2.1: Examples of (A) directed and (B) undirected graph 
2.5 Social Networks Analysis Metrics 
When analyzing complex social networks, the use of socio-matrices and graphs is 
important in order to create a social network model or classify the representation of a relationship 
in a network system. However, with socio-matrices and graphs, it is impossible to fully analyze 
the whole of network attributes and characteristics. Hence, to analyze the complexity of the 
network, certain metrics are required to optimize the network structure, which has resulted in a 
demand for network measures that directly account for the identifying characteristics of actors or 
groups of elites. For example, when investigating or analyzing criminal or terrorist networks, the 
analysis can be a long and ongoing process resulting in a continuous accumulation of information. 
However, as more information is gathered, new nodes and edges are added to the network, thereby 
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changing the network structure and size of the entire network. Consequently, these minor changes 
affect the results of the analysis of the network being examined. This is true especially with the 
node centrality measures, which are highly sensitive to any little changes in the network topology. 
Social network metrics explain the individual performance measure of a node and the 
corresponding edges during network analysis. As a result, the basic concept of the whole network 
system is understood. The centrality of nodes, which allows the analyst to identify which node 
(actor) is more influential than others, is a critical property of social network structures. [35]. 
 Network metrics are aimed to efficiently identify or show how nodes or actors in the 
network can be rated or sorted according to their properties, which may depend on the question 
asked [34].  
  
                                                                            
                                                                                 
 
   
Figure 2.2: shows a simple star network represented by 5 nodes and 4 edges. Hence the size of the 
node coincides with the node degree. 
In Figure 2.2 the middle node (A) has an advantage over the other nodes (B), (C), (D) and 
(E). Because node (A) has more ties, it can reach all the others more quickly, and controls the flow 
of resources between the other nodes. However, there is a restriction since network measures 
sometimes do not consider the global structure of the network. For example, although a node might 
B 
  E A  C 
 D 
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be connected to many others, it might not be able to reach others quickly to access important 
resources, such as information or knowledge. Therefore, it is critical to detect the degree and 
strength of every node that affects the topology of the network, in terms of information 
dissemination [35][36].  
Studies with social networks generally aim at identifying and categorizing the roles played 
by influential members of the network. The analysis estimates the relationship of each node to the 
other nodes. Therefore, emphasizing the importance of actors in a network is a common task of 
network analysis. Centrality metrics is one of the network properties that have frequently been 
used to study nodes/actors or events in social network structures. In this context, centrality 
measures will be used to highlight and evaluate the fundamental importance of actors in our 
network. The centrality of a node considers how other nodes in the network are interrelated through 
a direct or indirect link. A node (or actor)’s importance shows the level of their performance or 
participation in a network, and this can be calculated in several ways. Hence Centrality measures 
are noticeably applied to undirected and directed networks [37][38]. To evaluate the importance, 
influence, and power of each node's/actor’s different measures of network centrality were 
reviewed. 
2.5.1 Degree Centrality (𝐶𝐶𝐷𝐷˳) 
Degree centrality (𝐶𝐶𝐷𝐷˳) focuses on the importance of a node. It is the number of nodes that 
a focal node is linked to or simply the number of nodes connected. It measures the relationship of 
the node in the network. In a directed graph, degree centrality can be calculated using two 
measures, namely In-degree and Out-degree. In-degree evaluates the number of edges directed to 
a node, and out-degree estimates the number of edges that a focal node directs to other nodes [35]. 
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Let 𝑖𝑖 denote the focal node, 𝑁𝑁 the total number of nodes, and since the maximum nodal degree is 
𝑁𝑁-1, hence the (𝐶𝐶𝐷𝐷˳)  can be given as,  
                                                      𝐶𝐶𝐷𝐷˳(𝑛𝑛𝑖𝑖) =  𝑛𝑛𝑖𝑖𝑛𝑛−1                                                                (2.1) 
2.5.2 Closeness Centrality (𝐶𝐶𝐶𝐶) 
Closeness centrality(𝐶𝐶𝐶𝐶) identify the shortest distance between nodes. It measures the 
influential nodes with the shortest path that can quickly interact with other nodes in the network. 
A node with a high closeness centrality can easily disseminate resources quickly and efficiently. 
Such a node has strong visibility as to what is happening in the network. Hence, information in the 
network usually flows through nodes with high(𝐶𝐶𝐶𝐶) [38]. (𝐶𝐶𝐶𝐶) can be said to be the average of the 
shortest distance to all other nodes in the network and is computed as follows, 
                                                     CC(ni) = 𝑛𝑛−1∑ 𝑑𝑑(𝑖𝑖,𝑘𝑘)𝑘𝑘                                                  (2.4) 
Where i≠k, and 𝑑𝑑𝑖𝑖𝑘𝑘 denote the distance of the shortest path between the nodes 𝑖𝑖 𝑎𝑎𝑛𝑛𝑑𝑑 𝑘𝑘 in the 
network, n is the number of nodes. 
2.5.3 Betweenness Centrality (𝐶𝐶𝑏𝑏) 
Another way to capture the importance of a node is to consider its role in connecting other 
nodes in the network. (𝐶𝐶𝑏𝑏) demonstrates that nodes which are in-between or more central among 
other node are ranked higher in the network topology. Therefore, nodes with the shortest path 
between different prominent nodes have higher betweenness centrality than other nodes [38]. Let 
𝑠𝑠𝑠𝑠𝑦𝑦𝑦𝑦 be the number of shortest paths between 𝑦𝑦 and 𝑧𝑧 and 𝑠𝑠𝑠𝑠𝑦𝑦𝑦𝑦(𝑖𝑖), and (𝑦𝑦 ≠ 𝑖𝑖 and 𝑧𝑧 ≠ 𝑖𝑖) being 
the number of shortest paths that passes 𝑖𝑖. Therefore the(𝐶𝐶𝑏𝑏) of a user 𝑖𝑖 is given as follows 
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                                                               𝐶𝐶𝑏𝑏 (𝑛𝑛𝑖𝑖)=∑ 𝑠𝑠𝑠𝑠𝑦𝑦𝑦𝑦(𝑖𝑖) 𝑠𝑠𝑠𝑠𝑦𝑦𝑦𝑦𝑦𝑦<𝑦𝑦                                             (2.5) 
 
2.6 Social Network Data Formats 
 Data gathering is an important aspect of network analysis. Data in SNA can be fetched 
through different methods, by means of questionnaires, interviews, survey, or through an online 
source. Data collection in SNA may depend on the type of network and what type of relations one 
intends to investigate. Understanding the data format in SNA is crucial because it differentiates 
the type of data the program can execute as the input file format. Data use in SNA can be saved in 
several formats including adjacency matrix, CSV, edge lists, node lists, and affiliation matrix. 
Furthermore, network data in most cases are converted into different file format including text files 
depending on the OS or software application. File format can be used for data exchange with other 
applications or users, particularly when dealing with graphs [26]. Most formats are designed to be 
compatible with their tool rather than being used as a flexible file format between tools. For 
example, the software Ucinet [9] proprietary format stores network data as binary files (adjacency 
matrix), and others may rely on text files. Network data formats that support graphs include 
GraphML, DyNetML, GML, .Paj, Adjacency matrix, and DOT.  
SNA software NodeXL [13], Gephi [14], SocNetV [16], Jung [17], Visone [20], NetworkX 
[21] uses GraphML application as its file’s formats for graph drawing and visualization. GraphML 
is an (Extensible Markup Language) XML-based file format for graphs. GraphML is a graph 
description language that describes the structural properties of a graph and provides an adjustable 
extension mechanism to add application-specific data [29]. It supports the following types of 
graphs including directed, undirected, mixed graphs or hypergraphs, etc. DyNetML as an XML-
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based data interchange language, explore the flexibility of rich social network data and improves 
the compatibility of SNA tools including (Ora-lite [15] AutoMap [19]) [5]. Graph Modeling 
Language (GML) also known as Graph Meta Language, provide a clearly defined structure in the 
form of ASCII-based file format for describing graphs. Network tools that support GML data 
formats include NetMiner [12], Gephi [14], SocNetV [16], NetworkX [21]. The PAJ file formats 
type is mostly associated with [10] a Windows-based graph analysis tool. Pajek [10], NetMiner 
[12], SocNetV [16] are some of the network tools that support the PAJ file formats. Adjacency 
implies, being able to identify an adjacent neighbor vertices Adjacency matrix format indicates 
one-mode networks and contains a simple matrix NxN, where N is the number of nodes. Most 
network tools including Ucinet [9], Pajek [10], Igraph [11], NodeXL [13], Gephi [14], SocNetV 
[16], NetworkX [21] support the adjacency matrix file formats, especially as CSV text files. DOT 
file format has a complex syntax application that supports directed and undirected graphs. DOT 
file format is well suited for exploiting the graphical properties of a network especially node 
properties, such as color, shape, and edge properties [16]. SNA tools that support the DOT file 
format include SocNetV [16], Graphviz [18], NetworkX [21]. 
Data collection in SNA depends on the type of network and what type of relations one 
intends to investigate. One may decide to examine the whole network against ego network and 1-
mode against a 2-mode/affiliation network. In whole network data, the analyst reviews the network 
social structure that focuses on all nodes instead of selecting a particular node surrounding the 
network system itself. Ego network data examines the relation of one node/actor to others without 
considering the full network [6]. 1-mode network data examines every node/actor connected to 
other nodes. One can observe two types of nodes here, such as company-by-company or director-
by-director network data. Affiliation or 2-mode network data examines nodes/actors that are not 
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connected to the same type such as a company-by-director network. In this project, our analysis 
will investigate 1-mode and 2-mode networks. One critical area considered for the application of 
SNA has been in the study of the interlocking directorate and corporate elite. 
2.6.1 Visualization  
Data visualization plays a significant role in SNA, by graphically conveying the 
information of the analyzed data and presenting it in a readable format that is understandable and 
by the network analyst. Graphical visualization of network structure must not be confusing or hard 
to interpret and should provide researchers with new insight into network properties which will 
enable them to translate the results to others [32]. Therefore, the information display in the network 
should be represented accurately and efficiently conveyed to other analysts. 
 
 
 
 
 
 
Table 2.1: A matrix representation of a small network 
Source: Hanneman, R. A., & Riddle, M. (2005). 
 
 
 A B C D 
A 0 1 1 1 
 B   1 0 0 0 
C 0 1 0 0 
D 0 1 1 0 
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Figure 2.3: A sociogram representation of the small network 
Source: Hanneman, R. A., & Riddle, M. (2005). 
Table 2.1 is a matrix table representing a small network with nodes labeled ‘A’, ‘B’, ‘C’ and ‘D’. 
The cells denote a linkage if a ‘1’ exists or a ‘0’ if no connected ties exist. However, the links can 
be bi-directional (e.g. A-B and B-A). The software [9] draws the sociogram that is constituted by 
the matrix. The arrowhead shows the bi-directional links [44]. The visual representation can be 
seen in Figure 2.3; the attributes of the different nodes is connected in a network path by edges. 
2.7 Literature Review on SNA Modeling Tool Comparison 
Today, several modeling software packages used in SNA have been proposed by network 
analyst to explore social network data and to investigate network dynamics. Comparisons of these 
software packages has provided network scientists with some opportunities to understand which 
tools are capable and suitable for a particular operation when used to explore network structures. 
Butt [1] presents an overview of some software packages which provides support for several 
ranges of network analysis function, from his conclusion he recommended that no software tool 
can execute and implement all known measures and techniques applicable to network data analysis 
because of the complexity and facts of most network properties. 
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 Huisman et al. [6], review and compare some specialized and generalized software tools, 
including Ucinet [9], Igraph [11], NetMiner [12] used in exploring network analysis by using 
manipulated data. They concluded that each software packages vary in their objectives and 
functionalities since they possess a separate algorithm designed for analyzing different network 
properties. 
In a similar review, Xu et al. [7], compares the function of six selected software tools using some 
network properties. They assessed the scalability and performance of these six software tools with 
respect to their I/O, algorithms, visualization, statistical metrics and community detection. From 
their studies it was discovered that the six software tools complement each other tightly, since 
most tools can serve as a plug-in to other software tools rather than competitive. In the same study 
[7] concluded that a software tool used for one task may not have all the features and flexibility 
that another task required and that the difference in scalability between software can be a result of 
network representation and the programming algorithm generated when used to analyze the 
network.  
 In another comparative study involving three open source software tools and one 
commercial tool, Satyal et al. [22], in their findings recommended a list of SNA tool features along 
with a set of SNA technologies. These practices best enable the auto insurance carriers to correctly 
detect an event of automobile insurance fraud. However, a useful SNA tool should consist of 
several attributes and functionalities capable of detecting frauds in automobile insurance claims. 
Combe et al. [23], in their study, compare some SNA software tools Pajek [10], Igraph 
[11], Gephi [14], NetworkX [21] which implement network algorithms. From their study, they 
suggested that each of the tool constitute an approach capable of analyzing and visualizing network 
properties. However, it is crucial for an individual to implement specialized tools suitable for a 
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specific task which may support the basic set of network functionalities. In Akhtar [24] and 
Thangaraj et al. [25], a comparative analysis of some selected SNA tools was presented with 
respect to network metrics. Furthermore, software toolkits (stand-alone) are very useful for 
visualizing essential network properties including centrality, network diameter, clustering 
coefficient and network density. Crossno et al. [26], compared a range of software toolkits (open 
source) using three aspects of each tool: visualization strengths, analysis capabilities and network 
development platforms. However, every toolkit has its advantage and disadvantage since each tool 
offers unique, powerful visualization techniques applicable to network analysis.  
Cobo et al. [27], analyzed some software tools using bibliometric techniques and science 
mapping software. These software tools show different attributes, for example, some of them 
focused only on visualization and others on different powerful preprocessing methods. However, 
not one software tool was considered the best, but each may function to complement the other. 
 In a different study, Keeling et al. [28], reviewed and compared the reliability of nine 
statistical software tools commonly used in performing statistical analysis by using selected data 
sets. The performance of these tools was assessed. However, the task of evaluating the accuracy 
and reliability of an analytical tool should be determined by the software developers, by 
benchmarking the performance in which an algorithm of a selected tool provides. Harger et al. 
[29], present the first stage of a two-stage analysis of an open source software tool. In their study, 
three different properties of software were analyzed, the first property was the visualization 
function, and the second was the analysis capability of the tool, lastly the development 
environment. In their conclusion, they suggested that SNA software functionality can be useful in 
their area of application, for example, some tools are designed for exploration of network graph, 
while some are best suited in areas such as statistical analysis. 
 19 
 
2.8 Social Network Analysis Modeling Tools 
SNA modeling tools are software packages used in SNA to explore, represent and visualize 
social network structures by analyzing network data. SNA modeling tools illustrate the structural 
and dynamic properties of a network by identifying vertices and edges of the network and 
representing it numerically and graphically respectively. Recent advancement in computer 
technology has improved the methods of exploration and techniques in network data analysis. As 
a result, the need to develop more powerful and extensible software tools to study complex social 
structures has increased. 
Today, there are many social network modeling tools used by social network analysts to 
study the different dynamic properties and sizes of network structures. Some of these software 
tools are licensed as Opened-source software packages or closed-source software tools. Open-
source software is a type of computer software which allows anyone to modify, inspect, and 
enhance its source code publicly. In open-source software, the software copyright holder grants 
users the license to study, amend, and distribute the software packages to anyone and for any 
reason. In a closed-source software package, the source code is not published by the vendor or 
software publisher. Therefore, modification and correction routine are not allowed by the public. 
SNA tools may come with free trial versions and in most cases require some payment to have full 
access [1][2]. In some cases, some software packages make it difficult for researchers to 
manipulate and visualize simple network data. Such practice is not encouraging, since it requires 
researchers to spend more time exploring and analyzing simple data sets in their respective 
academic areas. As the application of SNA spread the integration of more reliable, general purpose, 
mathematical and computational software became desirable. However, it is crucial that more 
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generalized, specialized, and interoperability software tools become more freely available to 
network researchers, to encourage more research around network analysis [8].  
SNA software tools are usually designed to function as a graphical user interface (GUIs) 
modeling tool or as a scripting/programming language tool. Each modeling tool has a separate 
functionality and must meet some specific visualization requirements. Typically, the GUI 
modeling tools are more accessible to users, while programming modeling tools are more powerful 
and have several extensible applications. The availability of several modeling packages has 
extended new research capacity and magnifies the researcher’s interest in the study of SNA. These 
software packages are investigated by the network scientists to ascertain their current version, 
license type, availability of source code, type of functionality, and user interface type. I am aware 
of several network software packages, which are presented and compared, with more emphasis on 
a few essential tools used in a SNA context. The tools listed in this project are widely utilized in 
the rapidly growing field of SNA in manipulating and visualizing a variety of network sizes and 
structures. 
Some of these modeling tools are UCINET [9], PAJEK[10], IGRAPH [11], NETMINER 
[12], NODEXL [13], GEPHI [14], ORA-LITE [15], SOCNETV [16], JUNG [17], GRAPHVIZ 
[18], AUTOMAP [19], VISONE [20], NETWORKX [21] and each tool has certain strengths and 
limitations according to their functionality. These software packages are essential in analyzing and 
visualizing small, big and complex network structures. They help in mapping out the different 
indicators in network metrics such as various centrality measures which depict the network 
structure and the flow of information in the network. The software UCINET [9] is a general 
purpose software package used for visualizing and analyzing the data of social networks.  
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UCINET functions as a closed software package. The current version is 6.658 with an 
installed memory of 32-bit or 64-bit, but the 32-bit is the standard version, and it is usually 
recommended for download because it contains some embedded programs such as NetDraw and 
help functions including tutorials. UCINET is very comprehensive and is one of the most popular 
and frequently used software packages used by academia for the analysis of social network data. 
UCINET generally has a Graphical User Interface (GUI) and libraries that run on several Operating 
Systems (OS) including MS Windows, Mac OS X, and Linux.  It is comprised of various network 
analytical functions applicable for exploring small or large networks including 1-mode and 2-mode 
networks. UCINET data can be in the form of edge list data, ego, and affiliation data, and has an 
input data format stored as Adjacency matrix, xls (Excel), and CSV (txt) file formats [6][9].  
Pajek [10] is a stand-alone or closed software tool with a recent version of 5.04b and works 
with the 32 or 64-bit memory. It is widely used as a SNA and visualization tool. Pajek can be used 
to analyze 2-nodes as well as extensive networks comprised of millions of vertices and edges 
simultaneously and can be used to investigate several network metric properties including network 
clustering and degree. The software has a free trial version period and is also commercially 
available. Pajek's Wiki website also provides articles, updates, resources and manuals for research 
purposes including a group mailing list. Pajek has a Graphical user interface and libraries and 
works with several Operating Systems (OS) including MS Windows, Mac OS X, and Linux. Pajek 
data comes in different forms such as edge list, and has several input formats including CSV, Paj, 
.NET, and adjacency file format [10].  
Igraph [11] is a free open source software package that can be used for commercial and 
non-commercial purposes. As an open source tool, in addition to the binary format of the program, 
a public license can be given to the user including the source code format enabling additions and 
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corrections, and it is a very critical feature for the user, meaning the user can add new functionality 
and correct flaws associated with the program. It can be used to manipulate and represent network 
graphs including directed and undirected graphs, consisting of millions of nodes and edges. The 
recent version of Igraph is 1.01 with 32-bit installed memory and runs on several Operating 
Systems like MS Windows, MS OS X, and Linux. The Input data format usually includes CSV, 
and adjacency matrix. The library provides flexible options for explanatory network analysis for 
higher level programming languages such as R, C++, and Python to simulate and visualize network 
data [11].  
NetMiner [12] is a commercial SNA software tool with an embedded python-based script 
engine. It is used as a network analysis tool as well as visualization of network data. It is an open-
source software tool that runs on MS Windows, Linux, Mac OS X platform. The latest version of 
4.4 is commercially available. NetMiner enables users to efficiently analyze data by providing 
advanced graphical techniques to handle network data analytically. NetMiner supports online data 
collection of social media data such as Facebook, Twitter, and YouTube, and has an input data 
format including .NET, GML, and CSV [12].  
NodeXL [13] 2.0 an open-source toolkit implemented as an add-in for Microsoft Excel 
2007 spreadsheet software because it functions as an MS Excel template. NodeXL runs only on 
MS Windows. NodeXL is used to analyze and visualize network data. NodeXL was designed to 
allow Excel operators to import, analyze and visualize network data easily. The flexibility of 
NodeXL provides support to several input formats including GraphML, Adjacency matrix, and 
Excel [13].  
Gephi [14] is a tool used in exploring and visualizing network graphs including direct and 
undirected network graphs. Gephi has an updated version of 0.9.2 and runs on several Operating 
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Systems (OS) including MS Windows, Mac OS X, and Linux platform. It functions as an open 
source network and analysis software package written in Java. Gephi has an input file format 
comprising of CSV, GML, GDF, and .NET. Gephi is frequently updated and highly scalable 
network tool [14].  
ORA-LITE [15] is a dynamic network analysis modeling tool capable of analyzing a 
variety of networks. ORA-LITE has a Java interface and runs on several Operating System 
including MS Windows and Mac OS X and has a recent version 1.9.5 with 32 and 64-bit installed 
memory. ORA-LITE can import network data in different formats including node list and 
DyNetML. ORA-LITE has a unique set of properties that can graphically visualize Meta-Matrix 
data for enhancing an organization's network design structure. ORA-LITE can handle multi-mode, 
multi-plex, multi-level networks [6][15]. 
Social Network Visualizer (SocNetV) [16] is an open-source software package with a 
Graphical User Interface (GUI) used in the analysis and visualization of social networks. It is free 
and user-friendly and can be executable for Windows, Mac OS X, and Linux platforms. SocNetV, 
latest version is 2.4, and support several input file formats including GML, Adjacency matrix, 
DOT, and Paj [16]. 
JUNG (Java Universal Network/Graph) [17] is a network analysis and visualization tool 
explicitly used in the manipulation and graphical representation of network data. JUNG is free and 
has an updated version of 2.0.1. JUNG is licensed as an open-source software package with a Java-
based Application Programming Interface (API) and library. As a library, JUNG can be used as a 
built-in tool, to develop other network-oriented tools. It can be used as a common framework for 
graph, network analysis and visualization. JUNG supports several file formats such as GraphML.  
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Graphviz [18] is an open source visualization software tool with an updated version of 1.0. 
It provides structural information in the form of graphs and networks analysis. It has an interactive 
Windows Graphical User Interface, and provides a programmable interface, which support C 
library. Graphviz can be well utilized in areas such as bioinformatics, software engineering, 
computer science, web design and machine learning. GraphViz supports several Operating System 
platforms such MS Windows, and Mac OS X, and support several input file formats including 
SVG, and DOT [18]. 
AutoMap [19] is a Social network software tool designed to extract information from texts 
using a Network Text Analysis (NTA) technique. AutoMap support Java applications and a current 
version of 2.0. AutoMap has the flexibility to function or be embedded into the ORA-LITE toolkit. 
As a text mining tool, AutoMap supports the removal of various kinds of data from documents 
that are not properly structured. The type of text extracted can be semantic network data, analytic 
data, and meta-network data. AutoMap runs on several Operating Systems including MS 
Windows, Mac OS X, and Linux, and works with standard SNA file formats which includes 
DyNetML and node list [19]. 
Visone [20] is a software tool used in the analysis, transformation, and representation of 
social network data. It has an interactive and innovative graphical user interface that supports 
network visualizations. Visone is available in Java for MS Windows, Linux, and Mac OS X 
platform. Visone has a recent version of 2.6.3, which allows it to import and export standard file 
formats for social networks including Adjacency matrix, CSV and GraphML [20]. 
NetworkX [21] is a software package used for the exploration, visualization, and analysis 
of large networks. It can be used to represent the data of several network graphs and also to study 
the dynamic structures and functions of complex networks. NetworkX can be installed using a 
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package management system called PIP through python, and such platform supports several 
Operating System including MS Windows, Mac OS X, and Linux. NetworkX has an updated 
version of 2.1, which support different types of file formats including GML, GraphML, and the 
Adjacency matrix input file format [21]. 
2.9 SNA Software Tool Comparison 
There are many SNA modeling tools used today by researchers and social network analysts 
to formulate facts, identify patterns and locate elite (actors) in a network of social entities. Software 
tools can import and export data into various file formats such as Adjacency matrix, CSV, 
GraphML and GML file format. These tools provide different analytical properties and 
visualization layouts of a network by providing more productive options for exploring network 
data [3]. Comparing SNA network tools regarding function and other properties depends on the 
ability of the software modeling tool to function according to these criteria: input/output format, 
basic graph algorithm functions, computational strength, graph generation, visualization, 
computation of network indicators, and scalability. Software scalability allows a software program 
to manipulate small or larger data-sets to meet a user's need. It is crucial to know that almost all 
the software packages utilized in SNA support and accept standard data file formats used for the 
analysis of other SNA software tools.  
 The software packages, UCINET [9], Pajek [10], NodeXL [13], SocNetV [16], Visone 
[20], operate as a stand-alone software packages consisting of Graphical User Interfaces (GUI) 
with advanced built-in libraries. Each provides a separate application for analyzing and visualizing 
networks. However, they are not configured as a script/programming tools, so they are not suited 
for exploring large numbers of network graphs, unlike Igraph [11], NetMiner [12], Gephi [14], 
ORA-LITE [15], Jung [17], Graphviz [18], AutoMap [19], NetworkX [21], that have 
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programmable applications with extensible scripting interfaces and libraries. As a result, they are 
suitable for analyzing large network graphs.  
 Unlike Ucinet [9], Igraph [11], NodeXL [13], Gephi [14], Ora-lite [15], AutoMap [19]. 
Pajek [10], NetMiner [12], SocNetV [16], Jung [17], Graphiz [18], Visone [20], NetworkX [21] 
Cannot function as interoperability software packages, meaning they do not have the capability of 
integrating other tools into their application to support their functionality. The software Igraph 
[11], Gephi [14], SocNetV [16], Jung [17], Graphviz [18], and NetworkX [21] are licensed to 
function as open source tools. Hence, the license to their source code is distributed to the user to 
allow collaborative participation in the learning process, modification, inspection, and correction 
routine unlike Ucinet [9], Igraph [11], NetMiner [12], NodeXL [13], Ora-lite [15], and AutoMap 
[19] that function as closed-source software packages, with source code not published by the 
software vendors or publishers. The software tools Ucinet [9], Pajek [10], Igraph [11], Gephi [14], 
and Jung [17] provides several essential packages that implement basic statistical functionality 
compare to NetMiner [12], NodeXL [13], ORA-LITE [15], SocNetV [16], Graphviz [18], 
AutoMap [19], and Visone [20] with less or no statistical capability. More comparison of tools can 
be found in Table 2.2 and 2.3 
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Table 2.2: Comparison of SNA tools based on functionality¹˒²˒³  
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General 
application 
UCINET  
 
6.658 
 
X X A Affiliation data, 
Edge list, Node list, 
Ego network data 
Adjacency 
matrix, DL, 
Excel (xls), 
CSV 
Complete network 
data analysis and 
visualization of 
graph 
Pajek 5.04b X X A Complete network 
data, Node list, 
Large network data 
CSV, .NET, 
.Paj, 
Adjacency 
matrix 
Analysis of large 
network and graph 
visualization 
Igraph-R 1.01 X  B Complete network 
data, Ego network 
data, Large network 
data 
Adjacency 
matrix, CSV, 
Excel (xls) 
Representation and 
manipulation of 
network graphs 
NetMiner  4.4 X X B Complete network 
data, Ego network 
data 
GML, .NET, 
CSV, .Paj 
Exploratory 
analysis & 
visualization of 
network data 
NodeXL 2.0 X  A Complete network 
data, Ego network 
data, Raw data in 
MS Excel 
Ajacency 
matrix, Excel 
(xls) 
Data analysis and 
visualization 
Gephi 0.9.2 X X B Complete network 
data, Large network 
data 
SVG, GML, 
Adjacency, 
CSV 
Exploring and 
visualizing of 
Network graphs 
ORA-LITE 1.9.5 X X B Complete network 
data, Large network 
data 
DyNetML Network analysis 
and visualization 
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SocNetV 2.4 X X A Large network data, 
Complete network 
data 
DOT, GML, 
.Paj 
Network analysis, 
visualization and 
modeling 
JUNG 2.0.1 X X B Complete network 
data 
GraphML, 
.NET 
Representing and 
manipulating 
graphs 
Graphviz 1.0 X  A Complete network 
data 
GML, DOT Network text 
mining and analysis  
AutoMap 2.0 X  B Affiliation data, 
Complete network 
data, Ego network 
data 
DyNetML Network analysis 
and visualization 
Visone 2.6.3 X X A Large and 
complex network 
data 
Adjacency 
matrix, CSV, 
GraphML 
manipulate and 
study the dynamic 
functions of 
complex network 
graphs 
NetworkX 2.1 X X B Large and 
complex network 
data 
Adjacency 
matrix, 
DOT, 
GraphML 
manipulate and 
study the dynamic 
functions of 
complex network 
graphs 
 
i. More tools can be found at 1, 2, 3 
ii. All tools supply the network metrics: degree, closeness, and betweenness centrality 
iii. All tools can handle both directed and undirected graphs. 
A         GUIs and Libraries 
B         Scripting Environments such R, Python, C++ 
X         32-bit or 64-bit 
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Table 2.3 Comparison of SNA Tools based on Limitations²˒³ 
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UCINET C, D, E It provides multi-
modal network 
graph including 2-
mode network 
graph 
Cannot handle 
large and 
complex data set 
and it is time 
consuming 
Free and 
Commercially 
available. 
Close-source 
G, H, I, J, L 
Pajek C, D, E It does not provide 
multi-modal 
network graph 
It can handle 
large and 
complex data set 
Free but 
Closed source 
G, H, J, L 
Igraph-R C, D It provides multi-
modal network 
graph including 2-
mode network 
graph 
Cannot handle 
large and 
complex data set 
and its time 
consuming 
Free and 
noncommercial 
use 
G, I, J, L 
NetMiner C, D, E It does not provide 
multi-modal 
network graph 
Cannot handle 
large and 
complex data set 
and its time 
consuming 
Commercially 
available 
Z  
NodeXL C It does not provide 
multi-modal 
network graph 
Cannot handle 
large and 
complex data set 
and its time 
consuming 
Trial version 
and 
commercially 
available 
G 
Gephi C, D, E Advance 
visualization 
routine and does 
not provide multi-
modal graph  
Cannot handle 
complex data set 
Free 
 
G, I, J, K 
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ORA-LITE C, D support multi-
modal network 
graph 
Can handle large 
data but cannot 
work with 
complex data set 
and its time 
consuming 
Do not have 
trial version, 
commercial 
only 
G 
SocNetV C, D, E It does not provide 
multi-modal 
network graph 
Cannot handle 
large and 
complex data set 
and its time 
consuming 
Trial version 
and 
commercially 
available 
G, K, L 
JUNG F  Support multi-
modal network 
graph 
Cannot handle 
large and 
complex data set 
and its time 
consuming 
Do not have 
trial version 
H, J 
Graphviz C, D, E Provide 2-mode 
network graph 
Cannot handle 
large and 
complex data set 
No trial 
version, 
commercially 
available 
G, J 
AutoMap C, D, E It does not provide 
multi-modal 
network graph 
Cannot handle 
large and 
complex data set 
and its time 
consuming 
No trial 
version, 
commercially 
available 
G 
Visone C, D, E It does not provide 
multi-modal 
network graph 
Cannot handle 
large and 
complex data set 
and its time 
consuming 
Free J, K, L 
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NetworkX C, D, E It does not provide 
multi-modal 
network graph 
It can handle 
large and 
complex data set 
Free J, K, L 
 
C     MS Windows 
D     Mac OS X 
E      Linux 
F      Build-in Libraries with Java API 
G     Build-in help function and Libraries 
H     Support function 
I      Tutorials 
J      Mailing list and user group 
K     Manual 
L     Periodical update  
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Chapter 3 
Methodology 
3.1 Project Procedure  
To have a better understanding of this study, the project will focus on three categories; 
SNA modeling tool comparison, SNA and interlocking directorate of a corporate network. This 
project examined whether a pattern of interlocked directorate exists among the publicly traded 
corporations in Africa corporate network using SNA. One significant aspect of SNA of board 
interlock is to examine the most important, influential and power elite in the network. In this 
project, we will be using some social network modeling tools to evaluate and analyze the network 
of Interlocking board members using the techniques of SNA. In our analysis, we will use some 
social network metrics to investigate and analyze our network. Most importantly we will use this 
modeling tool to examine and graphically illustrate the board interlock of a corporate network 
using a valid data-set. These tools are very important in conveying and visualizing social network 
information graphically. From our findings we will be able to carry out the following objectives: 
• To compare the effectiveness of each network tool when used to analyzed SNA 
network using several network properties. 
• To ascertain which software package is more reliable when used to analyze SNA 
network datasets. 
• To use software tools to visually map out the network of interlocked board of 
directors graphically and identify the relationships and flow of information in the 
network. 
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• To analyze and identify who is the most influential actor in the network, playing 
central roles, by using centrality measure. 
3.2 Data Collection 
The source of the data to be used in this project is available from NGSE through S&P 
Capital IQ database. S&P Capital IQ is a multinational financial information provider; it has 
frequently been identified as one of the best sources of information for research on financial 
analysis solutions and corporate networks (S&P Capital IQ 1999). From S&P capital IQ, the 
information provided in the corporate reports consists of names of board of members. In most 
cases, the report also includes the biographical information of board members as contained in their 
respective organization profile. All information was manually and extensively collected from 
capital IQ using the time frame of year (2013) and first to fifth decile, and later cross-checked with 
company’s websites to ensure the quality of the data to be used by removing anomalies, duplication 
as well as ambiguity when selecting the director's names, with the help of MS Excel.  After proper 
cleaning of the data, a total result of 1607 of both inside and outside directors from 203 companies 
were realized for analysis. These data are available but require permission to get full access. The 
size of the data set was large as a result I experience some form of delay when the data was been 
uploaded into one of the software (UCINET). The issue was as a result of the node size. UCINET 
is very effective when used to analyze 1 or 2-mode data and in most cases very slow when used to 
explore large data files. This data set was chosen due to its availability, importance, and personal 
relevance to this project. 
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3.3 Reason for choosing UCINET & IGRAPH Networking tools 
 UCINET and IGRAPH were the two modeling tools selected to run our analysis because 
of their relevance to this project. I chose both tools based on the ability to import or export data to 
other file formats from other software analysis, clarity of the user interface, ability to plot multi-
modal network graph including 2-mode networks, ability to analyze network metrics accurately, 
clarity of documentation and finally provision of software update and version. In general, both 
tools were selected because they constitute the two types of software applications used in SNA 
task which include GUI and Script/programmable tools. More reasons are listed below: 
3.3.1 Functionality 
UCINET and IGRAPH can function as an interoperability software packages, meaning they can 
integrate other tools into their application. 
3.3.2 Portability 
UCINET and IGRAPH software packages can support and accept any standard data file format 
such as text file. 
3.3.3 Platform variety 
UCINET and IGRAPH software packages can run on various platforms such as Windows, Mac 
and Linux 
3.3.4 Scalability 
UCINET and IGRAPH can accommodate increasing number of users adequately and effectively 
3.3.5 Data visualization 
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UCINET and IGRAPH has the efficiency and capability to analyze and visualize data effectively 
3.3.6 User manual 
UCINET and IGRAPH provide training and learning information in their packages and are 
regularly updated. 
3.3.7 Cost 
UCINET and IGRAPH function as an open source and free software. However, UCINET allows 
for a free trial period of 90 days and may require a fee subsequently. 
3.3.8 Modification 
UCINET and IGRAPH as an open source software packages allow users to modify its application 
and source code during analysis. 
3.4 Limitations of UCINET and IGRAPH 
 In UCINET, the visualization process is slow and requires more time to visualize network 
data appropriately and is not powerful enough to compute large and complex network data-set. 
Finally, UCINET is a closed source software package, meaning it source code is not published and 
does not permit other users to write their routines. 
 In IGRAPH, the network indicator is not properly documented, and IGRAPH does not 
scale well when to use to compute large and complex network data-set. 
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Chapter 4 
Analysis/Result 
4.1 Data Analysis 
To demonstrate the analysis of this project, we will compare the performance and different 
properties of several social networking tools as shown in Table 2.2 and 2.3. After proper evaluation 
two modeling tools UCINET [9] and IGRAPH [11] were later selected for the analysis of our data. 
To examine their relational properties, I employ the principles of SNA of interlocking directorate 
of board members listed among top corporations in Africa. The techniques examine the ties or 
relationships that occur between board members and demonstrate the importance or influence of 
board members in the network. However, one major objective of using SNA technique in this 
project is in the identification of the most influential nodes/actors. Furthermore, I compiled the list 
of board members comprising of directors sitting on multiple firms and director sitting on a single 
firm, for each corporation from the NGSE through the Capital IQ database. We may consider a 
director as highly boarded i.e., interlocked, if he/she shares in two or more directorships. I ensured 
that single board members were separated from the list. At the end a total number of 119 
interlocked directors were recovered. The data were cleaned from anomalies and duplication. 
Using Excel, the worksheets were converted into adjacency matrix file format and loaded into 
UCINET [9] and as CSV (Comma-separated values) text file format and read into IGRAPH [11] 
respectively. 
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4.2 Analysis 1: UCINET 6  
UCINET, as an analytic tool, was designed as a closed-source SNA tool to function as a 
general purpose software. It is a Window 10 interface program that can read and write formatted 
text files, including MS Excel files. UCINET uses strong matrix analysis routines, such as matrix 
algebra and multivariate statistical approach in network analysis task. 
For us to identify if the corporate board members interconnect at the national level and 
constitute a cohesive national corporate network, we first create an adjacency matrix in form of a 
board-by-board matrix as a 1-mode dataset and thereafter we create a company-by-board matrix 
as a 2-mode or affiliation dataset. To compute the network of companies sharing two or more 
board members i.e. interlocked, the new dataset was put into UCINET, after that, the dataset was 
transferred into NetDraw for visualization, a program embedded into UCINET. In the second part 
of our analysis, we obtained some network centrality to identify the key actors/node or most 
prominent members of our network. The result of our analysis is a graphical representation of the 
relationship or ties that occur between 1-mode and 2-mode network of board members and 
corporations as shown below.  
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Figure 4.1: 1-mode network (interlocked members) using UCINET 
Figure 4.1 is a visual representation of the networks created between interlocked board 
members in the year 2013. UCINET and NetDraw was used to analyze and visualize director-by–
director networks also known as a one-mode network. The square in the network represents the 
board of directors (BoD), the size of the node represents the influential capability of the board 
members and the lines represent the edges (ties) connecting members. We also discover that eleven 
(11) board members were isolated as seen on the left side of the network in Figure 4.1, these board 
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members were not interlocked but have affiliation to other firms not tied to this network, hence, 
they are disconnected from the network.  
The shape of a social network can also contribute to examining a network's usefulness in a 
particular domain. More open networks, with many weak links and social connections, are more 
likely to quickly share and receive resources/information and opportunities to their members than 
a network that is closed with many redundant edges [46]. The network in Figure 4.1 is a directed 
network as seen in the graph, meaning the arrows in the node indicate the flow of information and 
resources. The network shows the inter-relationship and secure connectivity between board 
members. 
Figure 4.2: 2-mode or Affiliation network (company-by-director) in the year 2013 using UCINET 
Figure 4.2 is a 2-mode network using UCINET. It illustrates the interlocking patterns of 
203 firms and 1607 of board members and represents the relationship between the firms who share 
their directors on each other’s boards in the time frame of the year (2013) and first to fifth decile. 
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The blue squares (nodes) represent firms and the red circles (nodes) represent board members, the 
lines represent the edges connecting the different nodes. The visualization was done using 
NetDraw. From the graph we can observe the linkage between two or more members and firms, 
and from our analysis, we notice that in the corporate sector, the individual board members 
constitute a network structure of board interlocks nationally. The size of the nodes shows that some 
attributes have a much stronger influence than others. The network shows a highly structural 
relationship and interaction among firm’s form by the linkage of board members of publicly traded 
corporations in Nigeria.  
4.3 Network Centrality Metrics 
Centrality metrics tell us how influential or significant a node/actor is within the overall 
network. This concept of node/actor importance will have different meanings depending on the 
type of network explored. Centrality measurement recognizes the fact that a node/actor may be 
relevant for separate reasons in the network. In this section network, centrality of UCINET and 
IGRAPH are presented in tables and results discussed. 
METRIC DESCRIPTION 
Degree Centrality Number of connection of nodes 
Closeness Centrality Nodes with the shortest path that can quickly 
interact with other nodes in the network 
Betweenness Centrality Nodes with the shortest path between other 
prominent nodes 
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Table 4.1: Centrality metrics for interpreting our network 
 
Table 4.2: UCINET-Degree centrality of interlocked board members  
 In Table 4.2, the 1-mode network of interlocked board members was evaluated using 
degree centrality metrics. Freeman’s measure of centrality was used in the analysis. Freeman's 
approach generally outputs the actors with more connections (higher degree) as the most influential 
in the network [45]. However, actors with a higher degree usually have a direct impact on actors 
with a lower level of a degree since they occupy the essential position in the network. Table 4.2 
shows the degree centrality of 119 interlocked boards of directors. The actor (AAD009) has the 
highest number of degrees because he sits as a director in eleven (11) firms. As a result, he has 
strong connections and popularity, and, he may likely have more access to most essential resources 
in the network. Therefore, other actors in the network may continually strive to direct their ties to 
him since he is the most influential actor. From our analysis, it is obvious that (AAD009) is the 
most prominent in the network and this is evident in the real world. (AAD009) is the richest man 
in Nigeria and wealthiest in Africa. Further investigation shows that the eleven isolated actors in 
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the network have zero (0) degrees centrality because they are not tied to any board member as seen 
in the network. More information on tables found in the appendix. 
                                                                             
Table 4.3: UCINET-Closeness centrality of interlocked board members 
 In Table 4.3, the 1-mode network of interlocked board members was evaluated using 
closeness centrality metrics. Here we discovered that the closeness value was highest for the actor 
(TOE110). He occupies a more central role in the network, making him closer to all other actors 
in the network. (TOE110). has the shortest geodesic distance in the network, i.e., he has the shortest 
tie to all other directors. As a result, he is more capable of transferring information, knowledge, 
and resources quickly and efficiently within a shortest possible time to other members of the 
network. Therefore, he is an essential member of the network and plays a vital role in the overall 
network structure. 
 
 43 
 
 
 
Table 4.4: UCINET-Betweenness centrality of interlocked board members 
In Table 4.4, the 1-mode network of interlocked board members was evaluated using 
betweenness centrality. Here we also observed that the actor, (TOE110) has the highest value of 
betweenness centrality. Hence, he serves as a bridge connecting all other actors in the network and 
a key figure in the entire network formation. (TOE110) can be said to be a vital member of the 
network because he can easily control the flow of power and information in the entire network.  
4.4 Analysis 2: IGRAPH 
IGRAPH is designed as an open-source SNA tool to function as a specialized software 
programmable tool written in C/C++. The library provides a flexible option for explanatory 
analysis for higher level programming languages such as Python and R for manipulating and 
visualizing social network data. In IGRAPH [11], the analysis was done on interlocked board 
member using a 1-mode dataset. The dataset was first imported into MS Excel spreadsheet as an 
edge-list and thereafter converted into adjacency matrix. The matrix is then stored as a CSV 
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(Comma Separated Values) text file format and read as a script into R in IGRAPH. Some 
sequences of instruction were writing as a command to execute our analysis.  
Another method used to visualize the implications of interlocks in the corporate system is 
by analyzing how board members are directly linked. Figure 4.3 shows a visual representation of 
interlocking board members using IGRAPH [11]. The isolated or disconnected board members as 
seen at the top right side of the network represent actors that do not have a relationship through 
board interlock but has an affiliation to other firms not tied to this network. From our analysis, we 
can observe that there exists a linkage and high connectivity of board members (actors/nodes) 
which constitute the inter-social relationship of the Nigerian corporate network structure. 
Thereafter we compare the network structure of interlocked members using centrality metrics in 
IGRAPH as shown in Figure 4.3 and Table 4.5 respectively. 
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Figure 4.3: 1-mode network of (director-by-director) using IGRAPH 
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Table 4.5: IGRAPH-Degree centrality of interlocked board members 
 In Table 4.5, we examine the degree centralities of interlocked boards of directors using 
IGRAPH. From our analysis, the members with the highest degree were (AAD), (TOE), and (OE) 
each having a degree centrality of eleven (11). As a result, they can be regarded as vital members 
of the network, meaning they exert enormous influence and control over the entire network 
structures as compared to members with lesser ties.  
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Table 4.6: IGRAPH-Closeness centrality of interlocked board members 
Table 4.6 represents closeness centralities of interlocked boards of directors using the 
software IGRAPH [11]. From the table, we observe that (AM- [7.181844]), (ASI- [7.181844]), 
and (MOB- [7.181844]) have the highest and equal value of closeness centrality. Therefore, they 
are regarded as influential members/actors in the network, because they constitute the most central 
unit of the network structure. Finally, they can easily and quickly interact with other actors in the 
network, because of their closest and shortest path associated with all other actors in the network. 
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Table 4.7: IGRAPH-Betweenness centrality of interlocked board members 
Table 4.7 represents betweenness centralities of interlocked boards of directors using 
IGRAPH tool. Here we observe that (TOE- [916.4516916]) has the highest value of betweenness 
centrality. Hence, he constitutes the shortest path in the network. (TOE) is highly influential, 
because he may have more control over the network and direct more resources and information to 
himself. Furthermore, comparing the cluster methods of the two modeling tools, UCINET and 
IGRAPH, regarding network centrality, the results signify that each software employs individual 
properties irrespective of the different linkage or layout that constitute the network structure 
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Chapter 5 
Conclusion 
In this project, we were able to differentiate the different functionality of SNA software. It 
is evident that SNA modeling tools are much more critical in investigating social network 
structures. This may be due to the fact that these modeling tools enable social network data to be 
analyzed, visualized and patterned. In this project, we investigate the different properties and 
capability of these software tools with respect to data entry, data exploration, visualization and 
network analysis. In our contrast, we observed that there is a significant difference between these 
software tools and each of them are configured with different functionalities and libraries. 
UCINET and IGRAPH were selected because they constitute the two types of software 
applications used in the SNA task which include GUI and Script/programmable tools. However, 
comparing the cluster methods of the two modeling tools UCINET and IGRAPH regarding 
network centrality, the results signify that each software employs individual properties irrespective 
of the different linkage or layout that constitute the network structure. Data compatibility was a 
considerable boost for all software tools since all the software can input data in various file formats. 
Application of software packages in SNA is one of the essential techniques required to analyze a 
network, and it is a strategy used to examine social structures by investigating the relationship 
among elites in the form of an interlocking directorate. This study provided an insight into the 
usefulness of social networking tools in exploring the network structure of board interlocks in 
publicly traded corporations in NGSE market. In a social network approach, influence is essential. 
The result of the graphical analysis in Figure 4.1, 4.2 and 4.3 shows that an actor/elite is embedded 
in a relational network. By applying social network metrics techniques, we observe that an elite's 
location in a social network can dictate the importance and influence of that elite in the network. 
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Such elite can determine and control the flow of important resources in the network. To be precise, 
we can say that the study or exploration of social network is a challenging task because it is difficult 
to find a sophisticated tool to pattern, manipulate and analyze the structure of complex network 
system. So scientists are uncertain about how to explore network nodes in an orderly manner. We 
believe there is still a need for new designed computer-aided software programs to improve the 
exploration and visualization of network data, especially as social network is becoming 
increasingly common in the web service for various kinds of relationship and application. In the 
future, we plan to run further experiments using statistical data, to check on the robustness and 
efficiency of SNA tools that include GUI or Programmable (script) application that is scalable 
enough to analyzed complex and dynamic network system. 
In this project, we have been able to propose that comparing software applications before 
venturing into social network practices is an essential task in evaluating SNA studies. The results 
of our analysis have shown that by comparing SNA software packages, one can be able to 
determine which software tool may best suite his/her purpose of data analysis. Finally, we 
acknowledge the fact that each tool has its strength and weakness. As a result, it is impossible to 
justify the comparison between the SNA software tools because their objectives differ, which leads 
to different functionalities, licensed by their publishers.  
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Appendix A 
 
Figure 4.2: 2-mode or Affiliation network (company-by-director) in the year 2013 using UCINET 
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Table 4.2: UCINET-Degree centrality of interlocked board members                                          
 
 57 
 
 
                     
 58 
 
   Table 4.3: UCINET-Closeness centrality of interlocked board members 
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Table 4.4: UCINET-Betweenness centrality of interlocked board members 
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Appendix B    
                                         Network Command to execute IGRAPH-R 
library(igraph) 
my_data <-read.csv(file.choose(),header=TRUE,row.names=1) 
my_matrix <- as.matrix(my_data) 
my_network <- graph.adjacency(my_matrix,mode="undirected",diag=FALSE) 
my_network 
plot(my_network, 
vertex.color=rainbow(40),vertex.size=10,edge.color="black",vertex.label.cex=0.5, 
edge.size=20,edge.arrow.size=1,layout=layout.fruchterman.reingold) 
degree(my_network, mode='all') 
closeness(my_network, mode='all', weights=NA) 
betweenness(my_network,directed=FALSE) 
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Table 4.5: IGRAPH-Degree centrality of interlocked board members 
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Table 4.6: IGRAPH-Closeness centrality of interlocked board members 
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Table 4.7: IGRAPH-Betweenness centrality of interlocked board members 
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